This study presents the first attempt to link the multi-algorithm genetically adaptive search method (AMALGAM) with a groundwater model to define pumping rates within a well distributed set of Pareto solutions. The pumping rates along with three minimization objectives, i.e. minimizing shortage affected by the failure to supply, modified shortage index and minimization of extent of drawdown within prespecified regions, were chosen to define an optimal solution for groundwater drawdown and subsidence. Hydraulic conductivity, specific yield parameters of a modular threedimensional finite-difference (MODFLOW) groundwater model were first optimized using Cuckoo optimization algorithm (COA) by minimizing the sum of absolute deviation between the observed and simulated water table depths. These parameters were then applied in AMALGAM to optimize the pumping rate variables for an arid groundwater system in Iran. The Pareto parameter sets yielded satisfactory results when maximum and minimum drawdowns of the aquifer were defined in a range of À40 to þ40 cm/year. Overall, 'Modelling -Optimization -Simulation' procedure was capable to compute a set of optimal solutions displayed on a Pareto front. The proposed optimal solution provides sustainable groundwater management alternatives to decision makers in arid region.
INTRODUCTION
Modeling groundwater behavior is among the important processes hydrogeologists have been trying to quantify for a long time in order to address emerging groundwater problems. Simulation of groundwater system, especially in arid region, is difficult due to the complex and multi-objective nature of the groundwater system. In an era of increasing demand for groundwater, new paradigms are thus urgently required to devise innovative decisionmaking tools and optimize the drawdown of aquifer system. Groundwater simulations have been typically performed using simulation-optimization algorithms (e.g. McKinney & (complementary) aspects of the system behavior and to use a multi-objective optimization method to identify a set of nondominated, efficient, or Pareto optimal solutions (e.g. Gupta The aforementioned algorithms have focused on using a single GA approach to compute groundwater characteristics that may not be applicable for large-scale groundwater system. When dealing with large scale and complex system, numerous conflicting objectives can arise so that the number of decision and state variables may increase rapidly with the scale of the problem (e.g. McPhee & Yeh ). In such circumstances, single objective techniques may provide unsatisfactory results to decision makers, and therefore multiple optimization solutions should be sought.
In many optimization domains the solution of the problem can be multi-dimensional and can be only computed simultaneously by assembling a hierarchy of multiple optimization algorithms.
This study presents the first attempt that has linked a multi-algorithm, genetically adaptive multi-objective (AMALGAM) model, proposed by Vrugt & Robinson () , with MODFLOW to optimize pumping rates within a well distributed set of Pareto solutions. The purpose of this research was to find optimal solution to cover maximum demand for arid groundwater management and optimized the pumping rates using three minimization objectives, i.e. minimizing shortage affected by the failure to supply, Modified Shortage Index (MSI) and minimization of extent of drawdown within pre-specified Pareto regions. Focusing on these objectives, AMALGAM simultaneously merges the strengths of the covariance matrix adaptation evolution strategy, GA, differential evolution and particle swarm optimization (PSO) to ensure a reliable and computationally efficient solution is achieved for multi-objective optimization problems.
This research first coupled MODFLOW to an advanced swarm-intelligence-based algorithm (i.e. Cuckoo optimization algorithm (COA); Rajabioun ) to compute aquifer hydrodynamic parameters using automatic search method.
The ability of the COA approach led to more accurate estimates of error variance and helped us characterize groundwater mechanisms at each subscale (zone). We optimized aquifer properties by formulating an optimization method within the groundwater numerical model and analyzed predictive error in a highly parameterized model. At the second step, this study used a hierarchy of multi-algorithm designed in the AMALGAM model to define optimal Pareto solutions for groundwater drawdown in order to ensure sustainable groundwater management over an arid region in east Iran.
METHODOLOGY Geographical location of the study area
The Birjand River Basin (BRB) is located in the arid region in the mass and energy fluxes of groundwater process, which is a continuity mechanism, is usually formulated to make predictions at discrete moments of time. Together, all those variabilities and complexities increase the bias and error in simulation and challenge groundwater modeling particularly in arid regions.
The governing flow equations in groundwater modeling
The general form of the governing equation in groundwater modeling is:
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where, k x , k y and k z denote the hydraulic conductivity tensors, h, S s and R represent pressure head, specific storage and recharge or discharge (positive and negative) components of the aquifer, respectively. In unconfined aquifer, the thickness of saturated layer varies by groundwater- 
where, Sy denotes the specific yield. Birjand aquifer acts as a transit aquifer due to its differential hydraulics gradients through various zones. Moreover, this aquifer recharges/discharges by surrounding aquifers at inflow/outflow boundaries which cause conditional and temporary effects. In this study, recharge and discharge locations at inflow and outflow boundaries were identified using a group of cells or grids called water front entrance.
For all those boundaries, a specific-head-boundary condition was considered to be constant at each cell number in the model. springs and 11 qanats exist in the aquifer that are mostly used for irrigation purposes (see Figure 4 ) and we incorporated them as several wells in the MODFLOW model.
Qanat is a gently sloping underground channel with a series of vertical access shafts, used to transport water from an aquifer under a hill. This technology was developed by the Persian people sometime in the early 1st millennium BC.
Since the study area is categorized as an arid region with small amount of precipitation, only drinking and agricultural backwaters were used as surface recharges for related fronts in the model. In order to construct the aquifer model, MODFLOW was first simulated using steady state and the results were used to define homogeneous zones.
Therefore, the aquifer was divided into 17 homogeneous zones to derive the hydraulic conductivity and specific yield values. Next, several setups, including model network design, choice of stress period and time step, determination of initial state, boundary condition, type and number of saturated zones were also defined in order to construct and setup groundwater model. Due to geological heterogeneity, the aquifer was divided into 1,077 cells or grids to solve partial difference equations. The gridding of the plain was designed into 34 rows and 94 columns so that each layer cell is squared to 500 m × 500 m (see Figure 4 ).
Hereafter, the cells that are positioned outside of the aquifer boundary were assigned to zero code, meaning that they have no influences on the modeling procedure.
Though, properties of model cells can be specified individually, grouping the cells with similar properties into homogenous zones significantly improved and eased modeling procedure.
In this study, modeling of the groundwater flow in the Birjand plain was performed for a one year period starting in October 2010 to September 2011 (a hydrologic water year) as the calibration period, whilst October 2011 to September 2012 was used for the validation period. For modeling purposes, 12 month stress periods with a 10 day time step were identified and used for the modeling approach (i.e. three time steps were considered for each stress period). For completing the numerical model, absolute values of bed rock depths, topography and initial water level measurements were interpolated using Kriging method then assigned for the entire cells in the network.
Single objective optimization algorithm
Cuckoo optimization evolutionary algorithm was developed by Rajabioun () . This algorithm is inspired from the life of a bird called a cuckoo. The way of spawning and special growth of the cuckoo was the main idea of this algorithm.
Some birds release themselves from the trouble of nestbuilding and their duties of parenting therefore they resort to some kind of perspicacity to raise their chicks. These chicks are known as brood parasites and the cuckoo is one of the most well known. The cuckoo destroys one of the host bird's eggs and puts her egg between them. In this way she puts the responsibility of egg keeping to the host bird. In practice, the cuckoo does this job by mimicking the color and pattern of the available eggs in every nest so that the new egg is similar to the rest. More similar eggs to the host eggs have more opportunity to growth and survival.
In general, two types of cuckoo are considered in this model, i.e. adult Cuckoo and eggs. Pseudo code of the optimization algorithm is summarized as follows:
(1) Initializing Cuckoo habitats (initial response) with some random points on the profit function.
(2) Dedicating some eggs to each Cuckoo.
(3) Defining egg-laying radius (ELR) for each Cuckoo.
The amount of ELR is calculated by the number of eggs and their distance to destination for each cuckoo:
where, Var hi and Var low denote the maximum and minimum amounts of variables, respectively, and 'α' is an integer digit that controls maximum ELR.
(4) Letting Cuckoos lay eggs inside their corresponding ELR.
(5) Eliminating the eggs with lower value of objective function.
(6) Defining the value of objective function for each adult Cuckoo.
(7) Limiting the maximum number of Cuckoos in the network.
(8) Categorizing Cuckoos and define the best habitant.
In this study, K-means clustering method (MacQueen ) is used for categorizing the COA model. A group of 3-5 K is considered and the mean profit of each group is determined according to the variation range of the Cuckoo profit function. So each Cuckoo belongs to a group that has the least distance to the mean of the corresponding group.
(9) Immigration of new Cuckoo towards the best habitant.
Cuckoo moves toward the aim habitant; it traverses only the λ % of the path by the deviation of φ radians (see Figure 5 ). These two parameters help cuckoos search much more positions in the whole environment (Rajabioun ) . λ is a random number between 0 and 1 while φ is a random number between -ω and ω (ω is appropriately within π/6).
(10) If stop condition is satisfied 'stop', if not back to the second step.
Parameters that are used in this study for the COA are determined by automatic trial-error approaches (see Rajabioun ) that are listed in Table 1 . This process is accomplished by means of an offspring partitioning formula, given as
where, N j t is the number of offspring that sub-algorithm j must generate during generation t, and S j tþ1 denotes number of offspring that sub-algorithm j contributes to the next generation.
AMALGAM is initiated using a random initial population size of s, generated by the Latin hypercube sampling method.
Then, each parent from the initial population is assigned a rank using the fast non-dominated sorting algorithm In this study 5,000 function evaluations with 50 population sizes were used for optimization purposes. Twelve monthly discharge parameters were then used to ensure a The convergence criterion 1 × 10 À10 reliable and computationally efficient solution to multi-objective optimization problems. The model reached the convergence criteria after about 3,000 simulation runs. The pumping rates along with three minimization objectives, i.e. minimizing shortage affected by the failure to supply, MSI and minimization of extent of drawdown within pre-specified regions, were then chosen to define optimal solution for groundwater drawdown and subsidence.
Setting the MODFLOW-COA-AMALGAM framework (8)).
ME ¼
where, h t oi , h t si and h o denote the observed head, simulated head and mean value for observed head, respectively, n represents the number of piezometers and m is the number of monthly time steps (i ranges from 1 to 11 while t ranges from 1 to 12 months).
Decision variables and objective functions in multiobjective optimization model
Decision variables in the optimization model are based on the sum of the discharge amounts from the aquifer (190 wells) during different months (12 variables). The three objective functions used in this study are defined below.
Minimizing the sum of shortage was considered as the first objective function.
where, TW t represents the volume of the aquifer discharge in the period of t (MCM), TD t is the amount of demand in the period of t (MCM) and n denotes the total number of time periods (month).
Since this objective function only minimizes the sum of shortages during the period and ignores distribution of shortages over time, a MSI (Equation (10) 
MIN MSI
where, TS t denotes the amount of shortage in the period of t, TD t is the amount of demand in the period of t and n represents the number of the total periods (month). It should be noted that drinking demand is determined for all periods and is taken initially from the discharge values subtracting the shortage amount of other demands (e.g. agriculture, industry and services). Finally minimizing the drawdown of water -table depth was used as the third objective function.
where, H 0 and H end are the average value for the aquifer water depths (meter) at the beginning and ending of the simulation period, respectively.
RESULTS AND DISCUSSION
Parameter optimization using COA algorithm COA optimization was performed using 5,000 simulation runs and the model met the convergence criteria after about 2,000 iterations. Two groundwater parameters, i.e. specific yield and hydraulic conductivity, were then optimized for each zone. Optimized values of the hydraulic conductivity (k) and specific yield for the geological units (Sy) are presented in Figures 7 and 8 , respectively. Hydraulic conductivity and specific yield vary significantly through the aquifer system indicating a geological heterogeneous and non-homogenous groundwater system.
The resulting hydraulic conductivity field is highest at zone 13 whereas it is low at zone 2 (close to outflow). The specific yield field, on the other hand, maximized at zone 7 whilst minimized at zone 6. The resulting RMSE and NRMSE are, respectively, in a range 0.73-0.89 m and 0.02-0.025 obtained by COA optimization algorithm (see Table 2 ). High hydraulic conductivity at zone 13 may be temporarily confined to the groundwater regime to change aquifer characteristics. Since both parameters showed a high range of variability through the entire aquifer, it appears the hydraulic response of the aquifer to recharge and pumping processes is highly variable. In other words, Figure 8 | The variability of specific yield through different zones. Maximum S y was obtained for zones 2, 5, 7 and 10 whereas the lowest value was driven for zones 3 and 6. Specific yield exhibits the same trend as hydraulic conductivity with a range of 0.01 to 0.45. that by continuing the current withdrawals, groundwater level drops down most likely in the west zone. This might be related to over-drawdown, lack of groundwater recharge and natural drainage activities as well.
Pumping rates optimization
Optimized parameters obtained using COA optimization algorithm were applied in AMALGAM (5,000 evaluations) Twelve month discharge values were selected as decision parameters to optimize the AMALGAM algorithm based on predefined objective functions (scenario A, B and C). Specifically, we considered three different optimal solutions located in different parts of the Pareto solution. Hereby, optimal solutions are simulated and communicated with the MODFLOW framework. The Pareto-optimal solution is showed in Figure 11 .
Arguably, when the shortage amounts decrease, MSI also decreases and the amount of drawdown increases accordingly (negative values of drawdown represents increasing in the aquifer water level). Obviously, if drawdown rises, the shortage amount will decrease so that when drawdown is equal to 0.4 meter (or 40 cm), all demands are met with no shortage.
Next, in order to better illustrate and interpret the optimal solutions, 2D Pareto fronts (two objective functions)
were compared mutually (see Figure 12 ). According to alternative that is to be compared with the others in order to decide management actions. These alternatives have in common the fact that they are different from groundwater management perspectives, that no improvement can be achieved for a particular objective without diminishing the satisfaction associated with the other objectives.
The amount of water-table depth fluctuations also showed for the three selected solutions during simulation period in Figure 13 . These three optimal solutions are very close Figure 14 ).
Based on this result decision makers have three optimal solutions for the Birjand aquifer. Specifically, decision makers can select any (drawdown) solution in an optimal It is important to emphasize that optimal solutions B as an intermediate scenario, presented good performances in reducing the objective functions considered in this study.
This confirms that for arid case study, intermediate solution was easy for the developed tool to converge. Specifically, optimal solution B was able to fairly satisfy demands, and minimized the drawdown over the aquifer system.
The performances of optimal solutions among the Pareto front indicate that the contributions of the eleven wells could satisfy the demands and the quality requirements. The optimal contributions ensured maximum (þ40 cm) and minimum (À40 cm) drawdowns in the eleven wells at the end of the optimization period. It is obvious from Figures 2 and 14 that agriculture demand is the main reason for water level fluctuation in the Birjand aquifer. Therefore, integrated water resources management such as water saving irrigation, rainfed crops, reducing irrigation area can be proposed as effective alternatives for the Birjand ground water management.
CONCLUSION AND FUTURE WORK
This study first employed a COA algorithm to optimize MODFLOW hydrodynamic parameters then used optimized parameters in the AMALGAM multi-objective algorithm to define Pareto optimal solutions and developed groundwater management scenarios. The proposed multi-objective problem formulation integrated minimizing shortage affected by the failure to supply, MSI and minimization of extent of drawdown within pre-specified regions. Coupling two different algorithms to the MODFLOW model revealed that the developed algorithm was capable of computing a set of optimal solutions displayed on a Pareto front for an arid groundwater system. This study computed optimal solutions for the entire arid aquifer, but examining those solutions at each groundwater zone may provide useful information for arid groundwater management, although it requires a high computational and scripting demand. The COA-AMALGAM algorithm developed in this study can be considered as optimal solutions generator and its linkage to the MODFLOW framework makes it possible to simulate optimal groundwater scenarios that can be easily coupled with other environmental models (e.g.
hydrology and water quality models). The enrichment of the MODFLOW environment by the optimization capability of COA and AMALGAM formed a looped 'Modelling -Optimization -Simulation' procedure useful for decision makers facing groundwater management problems in arid regions.
